Intensive care medicine frequently involves making rapid pate that fuzzy logic may become widely embraced for use in some aspects of clinical decision making. decisions on the basis of a large and disparate array of information. To make medical decisions, intensive care unit (ICU) physicians often rely on conventional wisdom and personal FUZZY LOGIC experience to arrive at subjective assessments and judgments.
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Fuzzy logic was introduced by Zadeh in the 1960s (8, (10) (11) (12) This requires an intuitive, or nonexplicit weighting of variand is now well established as an engineering discipline (12-14).
ous factors to achieve an optimal balance between clinical Fuzzy logic is used for controlling a wide variety of devices (13, 14) .
endpoints that are often competing. Recently there has been Fuzzy logic has been used in applications that are amenable to conheightened concern over the burden of unwanted variation in ventional control algorithms on the basis of mathematical models clinical practice (1) (2) (3) . As a result, physicians are increasingly of the system being controlled, such as the high-frequency mebeing asked to adhere to explicit guidelines that have been chanical ventilator of Noshiro and coworkers. (15) . However, fuzzy agreed on by the medical community at large (4). Such guidelogic has a particular advantage in areas where precise mathelines often have a logical structure that makes them suitable matical description of the control process is impossible and is for computer implementation. Consequently, there is increasthus especially suited to support medical decision making (5) .
ing interest in computer-based decision support tools to autoWe have previously developed a fuzzy logic-based approach to mate aspects of the medical decision making that takes place the automatic control of pressure support mechanical ventilation in complex clinical areas such as the ICU (5) . An example is for ICU patients (16, 17) . However, the utility of fuzzy logic in specifying the conditions under which a patient might be sucthe ICU is by no means limited to this particular application.
cessfully weaned from mechanical ventilation (6, 7).
Fuzzy logic has also been applied, for example, to the problem Compared with the human brain, computers are well suited of controlling fluid recuscitation (18, 19) . In this article, we use to making rapid calculations and recalling large numbers of a simplified example drawn from the latter application to demonfacts, permitting the creation of decision networks that supstrate how fuzzy logic can be used in clinical applications. port near limitless complexity. For many situations, however, the variable nature of disease and patient characteristics makes
Control of Intravenous Fluid Resuscitation
it difficult, even impossible, to decide exactly what should be The rate at which intravenous fluids are administered to a patient done in every conceivable set of circumstances. In such situain the ICU is currently determined by the physician. There are tions, the physician must depend on intuitive decision makmultiple factors that clinicians try to weigh as they determine ing, sometimes described as the art of medicine. Intuitive the amount and rate of intravenous fluid administration that decision making is usually described as being poorly suited should be administered to a given patient. However, to illustrate to computerization. Certainly, subjective judgment generally how fuzzy logic control works we will consider only two variables: defies description in terms of the kinds of deterministic mathmean arterial blood pressure (MAP) and hourly urine output ematical equations that computers are well suited to solving.
(HUO). With given hourly measurements of MAP and HUO, However, the methods of fuzzy logic are suited to this kind how should intravenous fluid rate (IFR) be adjusted each time of endeavor and can lead to algorithms that mirror the nonexmeasurements are made? The general rules applicable to this plicit nature of clinical decision making (5, 8, 9 Figure 1A ), with the two membership levels in this set ( Figure 1 ). Now we address the more vague issue of what range of values always adding to 1.0. The definitions of these sets are thus related to the probability of a certain value of MAP receiving a certain for MAP could possibly be normal but might also be abnormal. Let this be 100 to 120 mm Hg at the upper end and 55 to 75 classification. If these probabilities are known then the sets can be defined accordingly. However, it is also possible to define the mm Hg at the lower end. In other words, if MAP is above 120 mm Hg it is unquestionably too high, whereas between 100 and fuzzy sets on the basis of a "gut feeling." In other words, it is not necessary to formally determine classification probabilities-the 120 mm Hg it could go either way. Similarly, if MAP is below 55 mm Hg it is without doubt too low, whereas between 55 and sets in Figure 1A can just as readily be defined on the basis of an expert's experience and intuition. Of course, we could have 75 mm Hg there is some doubt about whether it is normal or too low. These uncertainties are represented by membership levels defined a larger number of overlapping fuzzy sets, for example, five sets denoted VERY HIGH, HIGH, NORMAL, LOW, and in NORMAL MAP that decrease linearly from 1.0 at the inner boundaries of the uncertain regions down to 0 at the outer boundaries VERY LOW. However, for the purposes of this example, the three sets shown in Figure 1A are sufficient. (Figure 1 ). We can construct LOW MAP and HIGH MAP fuzzy sets in a similar manner. These begin at the inner boundaries of the The fuzzification process of defining sets for MAP described previously can also be applied to the other variable of interest, uncertain regions with membership levels of zero and proceed linearly up to membership levels of 1.0 at the outer boundaries, namely HUO, as shown in Figure 1B . Here again, we define three overlapping fuzzy sets labeled LOW HUO , NORMAL HUO , and precisely the converse of the situation for NORMAL MAP With the sets suitably fuzzified, we are now in a position to define the clinical status of a patient each time a pair of new measurements Straight lines are the most straightforward way of achieving this condition.
of MAP and HUO arrives. Each pair of measurements leads to one or more pairs of set memberships. For example, in the case A key aspect of the fuzzy sets as depicted in Figure 1A is that they overlap. In this example, although there are some ranges of the example shown in Figure 1 with MAP ϭ 110 mm Hg stability of the algorithm is a major consideration. As a conservarate should be changed) for any pair of fuzzy set memberships for MAP (Figure tive response tends to favor stability, we choose the smallest of 1A) and HUO (see also Figure 1B ).
the two set memberships as the weighting factor. Thus, for example, one of the actions LOW IFR came from memberships of 0.5 in HIGH MAP and 0.2 in HIGH HUO , so this LOW IFR action receives a weighting of 0.2. and HUO ϭ 120 ml/hour there is finite membership in the set These weighting factors are finally converted into a "crisp" combinations NORMAL MAP and NORMAL HUO , NORMAL MAP value of IFR as indicated in Figure 2 , where each of the fuzzy and HIGH HUO , HIGH MAP and NORMAL HUO , and HIGH MAP and action sets has been shaded to a level equal to its weighting HIGH HUO . The next step is to decide what action should be taken factor. A question arises as to what to do if an action set is infor each combination of set memberships. This question is again voked more than once, as occurs in this example with both addressed in general terms using intuitive notions. Some situa-LOW IFR and MAINTAIN IFR . Algorithm stability is still an issue, tions are obvious. For example, if MAP is normal and HUO is of course, but the weighting factors of the action sets were already normal then IFR should clearly be set at a normal maintenance determined conservatively in the manner described in the precedlevel. Similarly, if MAP is high and HUO is high then IFR should ing paragraph. We therefore use the largest of the weighting facset to a low level. The way to deal with certain other combinators for each of LOW IFR and MAINTAIN IFR . This defines a polytions may be a little less clear, such as when MAP is high and gonal shape (the shaded region in Figure 2 ) whose centroid gives HUO is normal. One expert might argue that this situation calls the precise value of IFR to be applied to the patient. In the case for a maintenance level of IFR, whereas another might require of this example, the value of IFR to be applied is 145 ml/hour. IFR to be set below the maintenance level. In any case, we must
We thus have an algorithm for translating precise measurebuild up a rule table specifying what should be done for every posments of MAP and HUO into a precise change in IFR that sible combination of fuzzy set memberships for MAP and HUO.
could, in principle, be implemented completely automatically For the purposes of this illustration, we will designate five categowithout human intervention. Furthermore, developing this algories of IFR labeled LOW, MAINTENANCE, MODERATE, rithm did not require us to first define a precise relationship HIGH, and VERY HIGH. The various membership combinabetween MAP, HUO, and IFR that could be written down in tions for MAP and HUO are assigned to these categories as terms of a mathematical equation, which might be extremely shown in Table 1 .
difficult. Instead, we have an algorithm that is very simple and
Calculating the Action to Be Taken
appears to operate in a manner similar to human subjective judgment. Exactly how the algorithm behaves, of course, is a funcThe rules specified in Table 1 might make intuitive sense, but tion of how the fuzzy sets for MAP, HUO, and IFR and the for them to be implemented in any given patient it is necessary rule table are defined. Different experts would probably define to have some way of transforming terms like HIGH and LOW these in different ways, and the resulting algorithms would perinto precise changes in IFR in terms of ml/hour. Only then can an form accordingly. Fuzzy logic thus has the ability to capture the assessment of clinical status be translated into a specific action.
experience-based expertise of a particular individual and code it This is again achieved with the use of fuzzy sets but now applied as an algorithm. A computer program implementing the previous to IFR. Although the categories of IFR used in Table 1 do not example of fuzzy logic is available for downloading from the mean anything precise in an absolute sense, we can still fuzzify online supplement. Readers are invited to define their own fuzzy IFR in a way that seems reasonable. Figure 2 shows an example sets for MAP, HUO, and IFR, together with the rule table where we have decided that IFR is definitely within the MAINentries, and experiment with the behavior of the algorithm for TENANCE range between 100 and 200 ml/hour and that the various values of MAP and HUO. MAINTENANCE classification might possibly extend to as much Of course, the aforementioned algorithm is too simplistic for as 400 ml/hour and to as little as 60 ml/hour. The other four fuzzy clinical use. However, it is easy to see how the algorithm could sets are established using similar considerations. Of course, not be extended to include additional fuzzy variables such as heart everyone will agree with this particular fuzzification, but that rate or central venous pressure. The rates of change of MAP merely illustrates the power of the fuzzy set concept. Different and HUO could also be obtained by taking differences between experts may fuzzify IFR somewhat differently in ways that reflect successive hourly measurements. These rates of change could their respective experiences or the particular patient group they be fuzzified into sets such as DECREASING, STABLE, and are dealing with.
INCREASING and would serve to indicate the trend in a paNow we are ready for the final step. Again consider the tient's fluid status. This would allow more precise control of example shown in Figure 1 where MAP is 110 mm Hg and HUO fluid balance. Of course, for each additional variable there is a is 120 ml/hour. This leads to fuzzy set memberships of 0.5 in substantial increase in algorithm complexity because the rule NORMAL MAP , 0.5 in HIGH MAP , 0.2 in NORMAL HUO , and 0.8 in table gains an additional dimension, so many more scenarios HIGH HUO . Invoking every pair combination of these sets in the must be considered. A balance, therefore, needs to be struck rule Figure 2 . The controlled quantity, intravenous fluid rate (IFR), is divided into five overlapping fuzzy sets. The set memberships arising from the measurements of MAP and HUO indicated in Figure 1 give rise to membership levels in the IFR sets indicated by the shaded region. The centroid of this region is indicated by the vertical arrow and is the final "crisp" value of IFR to be implemented in the patient. The ranges of IFR for which the five fuzzy sets have membership of unity are, in ascending order, Ϫ60 to 60, 100 to 200, 400 to 600, 800 to 1000, and 1500 to 2000 ml/hour. (Note that the lower limit of Ϫ60 ml/hour for the LOW set, although by itself physically meaningless, means that the centroid of the lowest set is just above zero. This allows for a very low IFR if only the LOW set is invoked.)
We must also be aware that the basic assumption behind any was tested retrospectively on 13 patients with severe chronic obstructive pulmonary disease. The algorithm made recommencontrol algorithm is that there is sufficient information contained dations that were generally compatible with those actually implein the input variables to achieve adequate control of the output mented in the patients (16), with agreement occurring in a large variable. Medical decisions based on fuzzy logic will only succeed fraction of cases. In those cases in which the algorithm did not in so far as this is the case. For example, if the appropriate IFR agree with what was actually done, the differences between recfor a patient depends on data other than those expressed by ommended and applied changes in pressure support ventilation MAP and HUO, then the algorithm we developed previously levels were mostly small (less than 2 cm H 2 O). Disagreements of will not work. It may be impossible to say a priori whether or this nature would be expected even between different physicians not a given set of input variables contains sufficient information because of the indeterminate and subjective nature of the weanfor a given application due to the complex and nonlinear nature ing process. Indeed, the performance of the fuzzy algorithm deof biological systems. Thus, rigorously validating the effectivepends greatly on whose expertise it encapsulates (i.e., who fuzziness of algorithms on the basis of fuzzy logic will require testing fied the parameters and set up the rule tables). Thus, we would them in clinical trials on patients. expect some disagreement even between different realizations As a final point, it is interesting to consider how a fuzzy logic of the same fuzzy algorithm produced by different experts. The algorithm for controlling fluid balance might be implemented in algorithm was also tested prospectively on a small number of practice. It could be done with minimal capital outlay by having patients with chronic obstructive pulmonary disease (17) and was a human operator periodically enter MAP and HUO values shown to be capable of maintaining pressure support ventilation into a personal computer. Intravenous fluid flow could then be levels within a clinically reasonable range. manually adjusted according to the resulting fuzzy logic calculaFuzzy logic has also seen application in other areas of medition. However, automating the process would greatly increase cine, such as anesthesia (20) . Schaublin and coworkers (21) used both reliability and savings in labor. Automation would require fuzzy logic to control Vt and ventilatory frequency during anesthe following series of steps: (1 ) MAP and HUO would be meathesia in an attempt to maintain Pet CO 2 at a predetermined level. sured at regular intervals by suitable transducers (such as a urine By measuring Pet CO 2 together with its rate of change and detercontainer placed on an electronic scale), (2 ) the values of MAP mining updated values for Vt and frequency every 10 seconds, and HUO would be acquired by a computer, (3 ) the fuzzy calcuthey were able to achieve a control of Pet CO 2 , which was as good lations would be made, and (4 ) the computer would control the as that achieved by a human controller. Mason and coworkers fluid delivery rate from a motorized dispenser. Realizing these (22, 23) used a fuzzy logic algorithm that could learn from experivarious steps is an engineering problem, readily soluble given ence to control the administration of neuromuscular blockade sufficient resources. during surgery. Blood pressure has been used for control of depth of anesthesia by fuzzy logic (24, 25), and in some cases
OTHER APPLICATIONS
outperformed a human operator (25). However, despite these We recently used fuzzy logic to devise an algorithm for controlstudies and others (4, 9, 26, 27) showing generally promising ling the level of pressure support ventilation in patients in the results, the literature on fuzzy logic applications in medicine ICU with chronic obstructive pulmonary disease (16, 17) . This remains modest. In our opinion, this is a largely untapped area algorithm is rather more complicated than the contrived example that holds great promise for increasing the efficiency and reliabildescribed previously; it uses six variables instead of only two ity of health care delivery. We believe that greater effort should and incorporates an additional intermediate step before arriving be applied to the exploration of ways to apply fuzzy logic in medical decision making. at the final decision about how to adjust the pressure support ventilation level. However, the principles of set fuzzification, rule
We have thus far considered fuzzy logic as a means of getting a machine to take over some activity currently performed by a table generation, and determination of action are precisely the same as in the simple example outlined previously. The algorithm human operator. Although this may be the most obvious applica-a critical analysis of patient safety practices. Rockville, MD: AHRQ tion area for fuzzy logic, it does require that the appropriate Publications; 2001. mode of action for a given situation be known. Unfortunately, abound of situations requiring a medical decision for which there
